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Abstract
The National Collegiate Athletic Association (NCAA) Men’s Division I Basketball Tournament is an
annually held basketball tournament between top universities throughout the United States. Along with
attracting tens of millions of viewers, the event has become increasingly ingrained in popular culture, with
millions attempting to predict the results of the tournament. Naturally, this interest among the general
public has sparked similar interest among researchers attempting to statistically model the tournament.
This thesis continues these efforts by proposing several methods of estimating the probability distributions
of matches. Statistical analysis is conducted to verify these models and various properties of the tournament
itself.
There are many challenges to face when developing probabilistic models for this tournament. In partic-
ular, the relative scarcity of past data (33 years of past tournaments) combined with the sheer number of
possible outcomes (263 possible brackets) can make formulating accurate models a daunting task. This thesis
proposes the following novel methods of estimating winning probabilities of each match of the tournament.
The Position Model estimates winning probability distributions using maximum likelihood estimations based
on the position of seeds in the bracket. The Upset Model estimates winning probability distributions us-
ing maximum likelihood estimations based on the probability of an upset in any given match. In addition
to these two models, this thesis puts forth methods of combining the Position and Upset Model with the
Geometric Model proposed by Jacobson et al. [1].
The models proposed in this thesis are verified through the use of various numerical experiments and sta-
tistical analysis. In particular, tens of millions of brackets are generated independently at random according
to the proposed models. Assessed using a fairly ubiquitous scoring standard, these generated brackets are
compared to those submitted by human participants in popular competitions. Further statistical analysis is
performed to investigate and support various aspects of these models.
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Chapter 1
Introduction
The National Collegiate Athletic Association (NCAA) Men’s Division I Basketball Tournament has
become an increasingly popular event, attracting tens of millions of viewers on a yearly basis. However,
it stands out among similar sporting events by promoting widespread interest among viewers in competing
to predict the results of the tournament. Popular sporting websites host competitions that attract millions
of participants, ranging anywhere from professional analysts to casual fans to statisticians, challenging
participants to predict the outcome of every individual match of the tournament. With high profile prizes
reaching as high as a billion dollars for a perfect bracket, the visibility and interest in predicting the results
of the tournament has skyrocketed. This popularity has attracted interest from researchers seeking to model
the tournament using statistical and mathematical methods.
Since 1985, the tournament has featured 64 basketball teams from universities all over the country. These
teams participate in a best of 64, single elimination tournament that is held over the course of several weeks.
Though the number of teams was expanded to 65 in 2001 and 68 in 2011, the core 64 team bracket has
remained the same. In the current iteration of the tournament, a qualifying round known as the “First Four”
is held. Four games are played between eight teams to determine which of the eight will participate in the
first round of the best of 64 tournament. As the First Four is a fairly modern development, there is only a
few years of data for matches in that round. For this and several other reasons, this thesis will focus on the
core 64 team tournament.
The NCAA basketball tournament is structured in the following way. The 64 participating teams are
placed into 4, approximately equal, regional tournaments. In each region, a team is assigned a seed number
between 1 and 16, denoting their relative strength in that region. A seed number of 1 is considered to be
strongest, while a seed number of 16 is considered to be the weakest. When comparing seeds, the stronger
seed is said to be seeded “higher” and the weaker seed is said to be seeded “lower”. Excluding the First
Four, there are a total of six rounds in the tournament. In this thesis, these rounds will be referred to in
order as Round 1, 2, 3, 4, 5, and 6. Colloquially, these are often known as the First Round, the Second
Round, the Sweet Sixteen, the Elite Eight, the Final Four and the National Championship respectively.
In each region, a best of 16, single elimination tournament is played structured as shown in Figure 1.1.
In the First Round, a Seed i is matched against Seed 17− i (e.g. Seed 4 is matched against Seed 13). The
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Figure 1.1
Regional Bracket Structure with Possible Seeds for Each Match
(1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16)
(2, 3, 6, 7, 10, 11, 14, 15)
(3, 6, 11, 14)
(6, 11)
(11)(6)
(3, 14)
(14)(3)
(2, 7, 10, 15)
(7, 10)
(10)(7)
(2, 15)
(15)(2)
(1, 4, 5, 8, 9, 12, 13, 16)
(4, 5, 12, 13)
(5, 12)
(12)(5)
(4, 13)
(13)(4)
(1, 8, 9, 16)
(8, 9)
(9)(8)
(1, 16)
(16)(1)
Figure 1.2
Final Four Bracket Structure with Possible Participants for Each Match
Winner of Region (W, X, Y, Z)
Winner of Region (Y, Z)
Winner of Region (Z)Winner of Region (Y)
Winner of Region (W, X)
Winner of Region (X)Winner of Region (W)
winners of the First Round are matched as shown in the figure. For example, the winner of Seed 1 and
Seed 16 faces the winner of Seed 8 and Seed 9. Teams continue to play according to the structure shown in
Figure 1.1 until a winner for the regional tournament is determined. When this happens, the four regional
champions play each other in a single elimination, best of 4 tournament as shown in Figure 1.2. Since the
regions change from year to year, in this figure they are simply denoted as Region W, X, Y, and Z.
Seed numbers are assigned by a 10 person committee made up of athletic directors representing the
major regional NCAA Division I conferences. Committee members utilize a variety of resources to assess
teams including direct observations, analysis of data, and general sentiment among other industry experts.
Though the process is fairly complex, the goal of the seeding process is to achieve “reasonable competitive
balance in each region of the bracket” and among the regions themselves [2].
As stated before, the popularity and well defined structure of the tournament has made it increasingly
attractive to academics in recent years. As such, there exists significant research in the area, ranging from
statistical analysis on the structure of the tournament to formulating novel methods of estimating winning
probabilities. A summary of relevant literature will be presented in Chapter 2.
Chapter 3 proposes two novel methods of modeling probability distributions for matches in the NCAA
Men’s Division I Basketball Tournament. The Position Model uses maximum likelihood estimations involving
the position of seeds to determine winning probabilities. For each match we define two positions, each
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containing a set of possible seeds. The Position Model uses only the position of the seed in the bracket to
determine the probability that any given seed wins. The Upset Model uses maximum likelihood estimations
involving the probability that an upset occurs to determine winning probabilities. For the purposes of this
thesis, an upset is defined as an event where a weaker seed defeats a stronger seed, regardless of the difference
in seed numbers. That is, the events where Seed 16 beats Seed 1 and where Seed 9 beats Seed 8 are both
considered upsets. The proportion of upsets that have occurred in a given match in all past tournaments
determines the likelihood of an upset in that match.
Additionally, several alternative models are proposed using variations on the Position and Upset Model.
The Geometric Model proposed by Jacobson et al. [1] is used to provide an alternative method of predicting
the results of the Final Round. Furthermore, different models can be used to predict different rounds which
increases the complexity of models proposed in this thesis.
One way to measure the performance of these models is through a process called bracket generation.
As the models discussed in this thesis provide probability distributions for certain events, we can randomly
sample these distributions to generate possible brackets independently at random. Using the ESPN scoring
system expanded on in Chapter 3, brackets are scored depending on how closely they match the results. For
verification purposes, these are compared to historical results to determine how these models would perform
in past years. Of course, a single randomly generated bracket provides limited information on the strength
of a model. Scores can vary significantly between runs due to the inherent randomness of the models and
the tournament itself. Thus, when conducting analysis using bracket generation, a significant number of
brackets must be generated.
There are several challenges faced when attempting to model the probability distributions of individual
matches in the tournament. The models proposed in Chapter 3 and throughout this thesis attempt to
analyze and address these issues. To start off, the teams participating in the tournament vary from year to
year, resulting in a limited amount of data for certain teams. Furthermore, as players and coaching staff can
change over time, the performance of a team in past years may not be a strong indicator of performance in
the current year. Regular season results are more likely to be relevant in assessing team strength. However,
including regular data from the regular season can come with a different set of challenges. For example,
some teams may face weaker opponents, inflating their wins and basketball statistics. Models that use data
from the regular season must take into account these and other factors when assessing team strength.
The models proposed in this thesis, however, represent teams solely by their seed number. Seed numbers
provide a level of abstraction such that the models proposed in this thesis do not need to assess the strength
of each team individually. As seed numbers are assigned by a panel of industry experts, they provide
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a general assessment of the strength of each team. While considering only seed numbers addresses the
previous concern, the sheer size of the tournament results in a lack of data for certain events in later rounds.
For example, prior to 2016, a Seed 10 has never made it to the Final Four. A model that relies solely
on maximum likelihood estimations would not be able to predict events that have not yet been seen. By
considering the position of a seed or the probability of an upset, these models are able to assign probabilities
for events that have not yet occurred. This is also true for rare events, where limited amounts of data result
in lopsided probabilities. With an impossibly large amount of data, the Position and Upset model would not
be needed. However, due to the size of the tournament and the relatively limited amount of data (starting
from 1985), the generalizations made by these models are necessary to address these challenges.
This thesis is organized as follows. Chapter 2 provides a summary of studies related to various aspects
of the tournament, from statistical analysis of the structure of the tournament to other proposed methods
of modeling the tournament. Chapter 3 introduces the Position and Upset Models, the concept of bracket
generation, and the result of numerical experiments utilizing bracket generation. Chapter 4 investigates
the properties of these models further by performing additional statistical analysis and numerical experi-
ments. Chapter 5 investigates the relationships and assumptions of independence between matches of the
tournament. Chapter 6 provides a brief overview of the topics discussed in this thesis.
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Chapter 2
Literature Review
The NCAA Men’s Division I Basketball has sparked considerable interest from academics intending to
study various aspects of the tournament. In this chapter, a brief overview of the various areas of relevant
literature is provided. Section 2.1 reviews papers that study various aspects of the tournament structure.
Section 2.2 reviews papers that propose other methods of modeling the tournament using various statstical
tools.
2.1 Tournament Analysis
As the format of the tournament has generally remained the same since 1985, there have been a number
of studies analyzing various aspects relating to the structure of the tournament. Seed numbers and their
relevancy toward predicting tournament results has been the focus of several papers. In particular, Boulier
and Stekler [3] use statistical methods (probit regressions) to determine whether seed numbers are strong
predictors of performance. They discovered a significant relationship between winning probabilities and
the magnitude of the difference in seed numbers. They conclude that team rankings do, in fact, provide
forecasting information for the strength of a team and how likely they are to win a match. On the other
hand, research done by Jacobson and King [4] revealed that, while seed numbers are strong predictors of
performance in earlier rounds, they are not strong indicators in the final three rounds. They conclude that
alternative predictors should be used to determine winners in these rounds.
Baumann et al. [5] uncover several anomalies in the structure of the tournament and corresponding
seeding system. In particular, they find that Seed 10 and Seed 11 tend to outperform Seed 8 and 9 in the
tournament. On average these seeds win more games and progress further in the bracket even though they
are ranked lower. As teams are not reseeded as the tournament progresses, the winner of the First Round
game between Seed 8 and 9 is almost guaranteed to face Seed 1. On the other hand, if Seed 10 or 11 are able
to progress to Round 2, they face a weaker Seed 2 or Seed 3 respectively. In some cases, Seed 10 and 11 face
Seed 15 and 14, given that upsets are more likely to occur in these First Round games. This compromises the
intended goal of rewarding teams with stronger performances in the regular season with better placement
in the championship tournament.
Fearnhead and Taylor [6] propose an alternate method of quantifying team strength relative to their
regular season schedule. They claim that their linear model has certain advantages over existing methods of
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seeding teams and provides a better way for deciding which teams deserve a bid into the main tournament.
2.2 Models
There has been significant effort among academics in developing predictive models for the NCAA basket-
ball tournament. While seed numbers and related past tournament results are commonly used, many other
models use data from the regular season or from third party sources (e.g. gambling point spreads). This
section provides a brief overview of models that have been published in academic literature.
Using seed numbers as predictors, Schwertman et al. [7] propose several models using linear and logistic
regression to estimate the probability that seeds win in the regional tournament. Smith and Schwertman [8]
continue this work by performing statistical analysis using simple regression models to determine whether
seed numbers are capable of predicting the margin of victory in individual games. They conclude that seed
numbers can be used to achieve reasonably accurate predictions.
Caudill [9] uses a maximum score estimator to maximize correct predictions for the tournament. Contin-
uing on previous work utilizing seed numbers, Caudill finds that this semi-parametric method outperforms
probit and maximum likelihood estimators.
Carlin [10] uses a variety of information including various rankings (e.g. RPI Index, Sagarin ratings) as
well as gambling point spreads to improve existing probability models. They assert that true point spreads
are far better than tournament seedings in assessing strength of seeds. In fact, in certain years, weaker seeds
have been favored to win by gamblers, perhaps due to external information that was not taken into account
at the time of seeding (e.g. player injuries).
Using data from the regular season, Kvam and Sokol [11] describe a combined logistic regression and
Markov chain model for predicting winners. Rather than treating outcomes of matches as a binary event of
winning or losing, their probability estimations are based on location and margin of victory, which allows a
more fine grained analysis of results. They claim that that this method of ranking team is in fact, superior,
to the methods used by the NCAA for tournament seeding.
Jacobson et al. [1] represent winning seed distributions of a match with a truncated geometric random
variable. Referred to as the Geometric Model, it will be explained more in depth and used to improve
proposed models in Chapter 3 of this thesis. Khatibi et al. [12] propose two additional models that use seed
numbers as predictors. The Exponential Model uses exponential random variables to represent seed wins
and estimate waiting times. The Markov Model creates Markov chains that include data from earlier rounds
to model the probability of unobserved events.
Lopez and Taylor [13] build on Carlin’s models of using Las Vegas point spreads to specifically target
performance in Kaggle’s ”March Machine Learning Mania” contest. Achieving first among 400 entries, they
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find that it is very hard to construct models that can outperform ones based on Las Vegas point spreads.
Still, their analysis finds that randomness plays a very large part in the contest, assessing their chances of
winning the competition at anywhere from 20 to less than 2 percent based on the scenario.
Ruiz and Perez-Cruz [14] modify a classical model for predicting soccer matches to competitively predict
matches in the NCAA tournament. By comparing their models with Kaggle results as well as online betting
spreads, they find that their approach is better at identifying undervalued teams. They claim that their
models would outperform both sources in terms of mean profit.
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Chapter 3
The Position and Upset Models
In this chapter, several methods are proposed to model the winning probabilities for games in the NCAA
Men’s Division I Basketball Tournament. Rather than providing a single prediction for the tournament,
these models estimate the probability any given team will win in any given match. The methods proposed
here rely solely on seed numbers and their past tournament results to estimate these probabilities.
This chapter is organized as so. Section 3.1 describes the Position Model which uses the position of each
seed to model the probability of winning. Section 3.2 describes the Upset Model which uses the rate of
past upsets to determine probability distributions. Section 3.3 describes the Geometric Model which models
winning events as a geometric distribution. Section 3.4 describes how brackets can be generated with the
models defined in this section. Section 3.5 describes the results of numerical experiments using bracket
generation. Section 3.6 describes some of the limitations of the models proposed. Section 3.7 summarizes
the approaches and models in this chapter.
3.1 The Position Model
The Position Model relies on maximum likelihood estimations based on the position of seeds in the
bracket. For each match in the first four rounds, we define two sets of seeds containing the possible partici-
pants on each side. The position of the seed is defined by the set that it belongs to. To illustrate, Table 3.1
provides a list of matches and the seeds belonging to each set.
For the Position Model, only the position of the seed is taken into account when assigning winning
probabilities. Under this model, seeds sharing the same position in the bracket are also assigned identical
winning probabilities. For example, from Table 3.1 consider Match 2 of Round 2. The first set of seeds
contains Seed 2 and Seed 15 while the second set of seeds contains Seed 7 and Seed 10. In defining this
model, Seed 2 and Seed 15 have the same position while Seed 7 and Seed 10 also share a position. Therefore,
the probabilities of the following events are equal: Seed 2 beats Seed 7, Seed 2 beats Seed 10, Seed 15 beats
Seed 7, and Seed 15 beats Seed 10. Using the principal of maximum likelihood estimation, we define this
probability as the number of times Seed 2 or Seed 15 has won in this match divided by the total number of
times those seeds have played.
More formally, this model is defined as so. For each round r and each match m, Sr,m,1 and Sr,m,2 are sets
containing the possible seeds for each position. For a seed i, let posr(i) denote the set in Round r containing
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Table 3.1
Possible seeds in each match
Round r Match m First set of seeds (Sr,m,1) Second set of seeds (Sr,m,2)
1 1 (1) (16)
2 (2) (15)
3 (3) (14)
4 (4) (13)
5 (5) (12)
6 (6) (11)
7 (7) (10)
8 (8) (9)
2 1 (1, 16) (8, 9)
2 (2, 15) (7, 10)
3 (3, 14) (6, 11)
4 (4, 13) (5, 12)
3 1 (1, 8, 9, 16) (4, 5, 12, 13)
2 (2, 7, 10, 15) (3, 6, 11, 14)
4 1 (1, 4, 5, 8, 9, 12, 13, 16) (2, 3, 6, 7, 10, 11, 14, 15)
5 1 (1, 2, 3, 4, ..., 13, 14, 15, 16) (1, 2, 3, 4, ...13, 14, 15, 16)
6 1 (1, 2, 3, 4, ..., 13, 14, 15, 16) (1, 2, 3, 4, ...13, 14, 15, 16)
Seed i. Let nr,i,j denote the total number of times Seed i has beaten Seed j in round r. Then, pr,i,j , the
probability Seed i beats Seed j in round r, is given by
pr,i,j =

∑
s1∈posr(i)
∑
s2∈posr(j)
nr,s1,s2∑
s1∈p(i)
∑
s2∈p(j)
nr,s1,s2+nr,s2,s1
if r <= 4
0.5 otherwise
(3.1)
Since regions often vary from year to year, the winning probabilities for the final two rounds are not very
well defined in the Position Model. In this case, a probability of 0.5 is assigned for all seeds and all matches
in Rounds 5 and 6.
Table 3.2 reports the probability of winning for all seeds in all rounds using data prior to 2017. For
example, given that Seed 2 is playing in Round 2, there is a probability of .64 that Seed 2 will advance to
Round 3. As the strength of each seed is solely determined by its position, the seed number of the opposing
team is not needed to determine winning probabilities. Thus, seeds in the same position will have the same
winning probability from that round onwards.
3.2 The Upset Model
Like the Position Model, the Upset Model uses maximum likelihood estimations to determine probability
distributions. However, instead of using the position of the seed, this model considers the proportion of
upsets that have occurred in that match. Recall that an upset is defined as the event in which a weaker seed
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Table 3.2
Winning probability of each seed in each round based on the Position Model
Round (j)
Seed Number (i) 1 2 3 4 5 6
1 1.00 0.87 0.77 0.60 0.50 0.50
2 0.94 0.64 0.60 0.40 0.50 0.50
3 0.84 0.52 0.40 0.40 0.50 0.50
4 0.80 0.51 0.23 0.60 0.50 0.50
5 0.64 0.49 0.23 0.60 0.50 0.50
6 0.64 0.48 0.40 0.40 0.50 0.50
7 0.61 0.36 0.60 0.40 0.50 0.50
8 0.50 0.13 0.77 0.60 0.50 0.50
9 0.50 0.13 0.77 0.60 0.50 0.50
10 0.39 0.36 0.60 0.40 0.50 0.50
11 0.36 0.48 0.40 0.40 0.50 0.50
12 0.36 0.49 0.23 0.60 0.50 0.50
13 0.20 0.51 0.23 0.60 0.50 0.50
14 0.16 0.52 0.40 0.40 0.50 0.50
15 0.06 0.64 0.60 0.40 0.50 0.50
16 0.00 0.87 0.77 0.60 0.50 0.50
defeats a stronger seed. For example, using Table 3.1, consider again Match 2 in Round 2 between Seeds
2 and 15 with Seeds 7 and 10. In the Upset Model, the probability of an upset is given by the number of
upsets that have occurred over the total number of games played. Therefore, the following possible events
all have identical probabilities: Seed 2 beats Seed 7, Seed 2 beats Seed 10, Seed 7 beats Seed 15, and Seed
10 beats Seed 15. Whereas the Position Model suffers from the problem
More formally, the Upset Model can be defined as follows. Let nr,i,j denote the total number of times
Seed i has beaten Seed j in Round r. Let posr(i) denote the set in Round r containing Seed i. Then, for
any given match, pr,i,j , the probability that Seed i beats Seed j is given by:
pr,i,j =

∑
s1∈posr(i)
∑
s2∈posr(j)
nr,s1,s2 [s1<s2]+nr,s1,s2 [s2<s1]∑
s1∈p(i)
∑
s2∈p(j)
nr,s1,s2+nr,s2,s1
if i < j∑
s1∈posr(i)
∑
s2∈posr(j)
nr,s1,s2 [s2<s1]+nr,s1,s2 [s1<s2]∑
s1∈p(i)
∑
s2∈p(j)
nr,s1,s2+nr,s2,s1
if j < i
0.5 if i = j
(3.2)
In contrast to the Position Model, this model can be used to determine probabilities for Round 5 and
Round 6. Only in the case where two seeds are the same is the probability of winning assigned to .5. For
reference, Table 3.3 provides a list of winning probabilities under the Upset Model using data prior to 2017.
The table provides the probability that an upset occurs in any possible match of the tournament. For
example, in Match 1 of Round 4 the probability that a weaker seed beats a stronger seed is .45 regardless of
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Table 3.3
Probability of an upset in each match of each round under the Upset Model
Round r Match m Possible Seeds Probability of Upset
1 1 (1, 16) 0.00
2 (2, 15) 0.06
3 (3, 14) 0.16
4 (4, 13) 0.20
5 (5, 12) 0.36
6 (6, 11) 0.36
7 (7, 10) 0.39
8 (8, 9) 0.50
2 1 (1, 8, 9, 16) 0.13
2 (2, 7, 10, 15) 0.31
3 (3, 6, 11, 14) 0.34
4 (4, 5, 12, 13) 0.38
3 1 (1, 4, 5, 8, 9, 12, 13, 16) 0.24
2 (2, 3, 6, 7, 10, 11, 14, 15) 0.31
4 1 (1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16) 0.45
5 1 (1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16) 0.40
6 1 (1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16) 0.33
the difference in seed numbers.
3.3 The Geometric Model
Proposed by Jacobson et al. [1], the Geometric Model is an alternate method of modeling the tournament
based on truncated geometric distributions. In contrast to the Position and Upset Models, the Geometric
Model provides a probability distribution among all possible seeds participating in a match. For example,
in the case of Match 1 in Round 6, the Geometric Model provides a probability distribution that each of
the 16 possible seeds wins in this round. For the purpose of this thesis and in the context of generating
brackets (explained further in Section 3.4), the Geometric Model will be combined with the Position and
Upset Models. More specifically, the Geometric Model will be used to first select a winner and runner up
of the entire tournament. Then, either the Position or Upset Model will be used to populate the remaining
matches of the bracket.
The Geometric Model is stated in the following way. Jacobson et al. define a truncated geometric random
variable, Zm,r as the winning seed of Match m in Round r. The goal of this is to find an expression for the
probability that the ith seed in Match m of Round r wins such that Zm,r follows a geometric distribution.
Since the number of seeds in any match is finite, it’s necessary to truncate this geometric distribution.
Table 3.4 provides the probability distribution for the final round under the Geometric Model calculated
using data prior to 2017. For reference, the actual distribution of the winners of Round 6 is provided. From
this, it can be seen that the Geometric Model preserves the ranking of seeds. That is, a stronger seed always
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Table 3.4
Probability distribution of the Geometric Model in Round 6 (2017)
Seed Geometric Probability Actual Proportion
1 0.36661 0.45455
2 0.23230 0.24242
3 0.14719 0.09091
4 0.09327 0.03030
5 0.05910 0.06061
6 0.03745 0.03030
7 0.02373 0.00000
8 0.01503 0.09091
9 0.00953 0.00000
10 0.00604 0.00000
11 0.00383 0.00000
12 0.00242 0.00000
13 0.00154 0.00000
14 0.00097 0.00000
15 0.00062 0.00000
16 0.00039 0.00000
has a higher probability of winning compared to a weaker seed. Table 3.5 provides the same information for
Round 5 results. In both cases, the actual proportion of Seed 1 is noticeably higher than the one predicted
under the Geometric Model.
3.4 Generating and Evaluating Brackets
To evaluate the models proposed in this chapter, brackets are randomly generated based on the probability
distributions defined by these models. For example, to generate a bracket using the Position Model, start by
sampling winners for each match in the first round, based on the probabilities defined in Table 3.2. Then,
given these winners, winners for the second round are selected using the probabilities defined for Round
2. This process continues for every match until a winner for the tournament is chosen and the randomly
generated bracket is complete.
When generating brackets using a combination of either the Position and Upset Model with the Geometric
Model, the process is slightly different. First, a winner of the tournament is selected based on the probability
distribution defined by the Geometric Model. For the bracket to be valid, this seed must have won each
of its matches in the previous rounds. Next, the other winner of Round 5 is selected using the geometric
probability distribution for that round. Given these results, either the Position and Upset Model is used to
select the winners of all other matches starting from Round 1.
To evaluate these brackets, the ESPN Tournament Challenge scoring system is used. Along with providing
a metric for evaluating relative strength between models, it allows us to compare the top brackets generated
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Table 3.5
Probability distribution of the Geometric Model in Round 5 (2017)
Seed Geometric Probability Actual Proportion
1 0.48477 0.60606
2 0.24977 0.15152
3 0.12869 0.12121
4 0.06631 0.03030
5 0.03417 0.00000
6 0.01760 0.03030
7 0.00907 0.03030
8 0.00467 0.03030
9 0.00241 0.00000
10 0.00124 0.00000
11 0.00064 0.00000
12 0.00033 0.00000
13 0.00017 0.00000
14 0.00009 0.00000
15 0.00005 0.00000
16 0.00002 0.00000
Table 3.6
ESPN Top 100 range of scores
Year
2013 2014 2015 2016 2017
ESPN Top 100 1590-1660 1520-1730 1760-1830 1630-1730 1650-1760
from our models with those submitted by participants. The scoring system defined by ESPN is fairly
ubiquitous and similar systems are employed by the majority of the most popular websites hosting these
bracket challenges.
The scoring system is defined as follows. For every pick selected correctly in the first round, 10 points
are awarded, for a total possible score of 320. In the second round, each correct pick is worth 20 points.
The third, fourth, fifth, and sixth rounds award 40, 80, 160, and 320 points for correct picks respectively.
Therefore, a perfect bracket, in which every pick is corrected, would score a maximum of 1920 points.
In previous years, ESPN has published the top 100 scores among entries submitted by participants. Table
3.6 provides the range of these scores for the last five years. The lower bound of the range represents the score
of the 100th ranked bracket and the upper bound represents the score of the highest scoring bracket. By
generating a sufficiently large number of brackets, it’s possible to experimentally evaluate the performance
of models proposed in this chapter as compared to ones submitted to ESPN.
In addition to combining the Geometric Model with the Position and Upset Models, it is possible to
choose between these models based on the round. For example, the Position Model could be used to
randomly sample winners in Round 1 and, based on these selected seeds, the Upset Model could be used
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to select winners for Round 2. Either model could be selected for Rounds 3, 4, 5, and 6. Note that the
Position and Upset Models define equivalent distributions for the first round and, thus, there is no need to
distinguish between the two for that round.
3.5 Results
In this section, the experimental results of bracket generation are provided and discussed. Due to the
nature of the tournament and the inherent randomness from bracket generation, there is certain to be some
variance in scores. However, by analyzing several years of data, it’s possible to reveal trends and assess
the general performance of the models described in this chapter. To approximately match the number of
models submitted to ESPN, each experiment will generate 10 million brackets. This roughly matches the
number of submissions to ESPN (approximately 12 million in 2015, 13 million in 2016, and 19 million in
2017). Furthermore, to accurately asses experimental results, only data from before the year in question is
used when generating brackets. For example, to generate brackets for 2015, only data from 1985 to 2014 is
used in determining the probability distributions of each model.
3.5.1 Basic Models
We first consider the performance of the Position, Upset, Position with Geometric, and Upset with
Geometric Models. Tables 3.7, 3.8, 3.9, 3.10, and 3.11 list the results for brackets generated in the last five
years. Each table lists the 50th, 90th, 95th, and 99th percentiles as well as the max score of the ten million
generated brackets.
Table 3.7
Top scores and percentiles for 10 million generated brackets for the 2013 tournament
Score Percentile
50 90 95 99 Max
Position 480 900 1010 1130 1670
Upset 510 930 1040 1170 1730
Position/Geometric 500 960 1030 1170 1750
Upset/Geometric 520 980 1060 1200 1730
Table 3.7, lists the results for 2013. For this year, all four models outperformed the best model submitted
to ESPN. In this case, the Position Model performed poorly as compared to the three others. This may
indicate that the Position Model was unlikely to predict the final match between a Seed 1 and Seed 4.
In contrast to 2013, from Table 3.8 shows that 2014 was a particularly difficult year to predict. The
historic final match featured a Seed 7 matched against a Seed 8. In this case, the Geometric Models
performed especially poorly, likely indicating that the Geometric Model underestimates the strength of
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Table 3.8
Top scores and percentiles for 10 million generated brackets for the 2014 tournament
Score Percentile
50 90 95 99 Max
Position 490 650 710 1020 1730
Upset 510 650 700 830 1670
Position/Geometric 510 650 690 790 1500
Upset/Geometric 520 650 700 790 1520
Table 3.9
Top scores and percentiles for 10 million generated brackets for the 2015 tournament
Score Percentile
50 90 95 99 Max
Position 630 1020 1150 1360 1790
Upset 640 1100 1210 1410 1810
Position/Geometric 640 1040 1150 1290 1740
Upset/Geometric 650 1050 1160 1290 1730
Table 3.10
Top scores and percentiles for 10 million generated brackets for the 2016 tournament
Score Percentile
50 90 95 99 Max
Position 570 830 950 1240 1770
Upset 600 880 1020 1240 1770
Position/Geometric 600 910 1080 1310 1800
Upset/Geometric 610 920 1090 1310 1790
Table 3.11
Top scores and percentiles for 10 million generated brackets for the 2017 tournament
Score Percentile
50 90 95 99 Max
Position 610 1000 1120 1330 1750
Upset 620 1050 1160 1350 1800
Position/Geometric 600 910 1080 1310 1800
Upset/Geometric 640 1050 1160 1360 1820
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Table 3.12
Max Scores
Year Score Range Median Score Top ESPN Score Models Equal to or Better than Top ESPN
2013 1650-1760 1705 1660 39
2014 1610-1810 1710 1730 11
2015 1740-1830 1770 1830 1
2016 1740-1820 1775 1730 40
2017 1740-1830 1775 1760 36
weaker seeds. The Position Model, however, performed very well, achieving a score of 1730 and tying with
the top bracket submitted to ESPN.
From Table 3.9, all four models were unable to outperform the ones submitted to ESPN in 2015. In 2015,
there were fewer significant upsets as the Final Four consisted of three teams of Seed 1 and one of Seed 7.
Interestingly, the Geometric Model performed poorly as compared to the Position and Upset Models. This
may indicate that the Geometric Model also underestimates the strength of the first seed.
In both 2016 and 2017 (Table 3.10 and 3.11), the four models performed very well as compared to ESPN
results. In 2016, all four models outperformed the best submitted bracket while in 2017, all but the Position
Model was able to outperform the best bracket.
Overall, the models presented in this chapter performed sufficiently well compared to ones submitted
by participants. Due to the variance in scores from generated brackets and the relatively small amount of
data, it can be difficult to definitively state that these models outperform human participants. However,
from these results, we can see that the simple models presented in this chapter are fairly competitive and,
in many cases, actually exceed ones submitted to ESPN.
3.5.2 Mixed Models
In addition to the four proposed models above, it is possible to use different models for each round of the
tournament. Since the Position and Upset Models are equivalent in the first round, we do not distinguish
between the two. Therefore, there are a total of 25 = 32 ways to choose either the Position or Upset Models
for Rounds 2, 3, 4, 5 and 6. Additionally, there are another 23 = 8 ways to choose the Position or Upset
Models for Rounds 2, 3, and 4 where Rounds 5 and 6 are chosen using the Geometric Model. Therefore,
this section will consider a total of 40 models.
As there are 40 models considered, there will be a total of 400 million brackets generated per year.
It would be disingenuous to directly compare the results of the best bracket here with the best bracket
submitted to ESPN. With 400 million submissions, it’s significantly more likely that at least one of them
generated brackets is better than the best of 10 million submissions. Table 3.12 provides an overview of
16
where the range of max scores from the combined models fall. Very similar to the results of the four models
above, in 2013, 2016, and 2017 the models proposed here performed very well. Whereas in 2014 and 2015
the results were slightly worse despite mixing the models.
3.6 Possible Limitations
As mentioned previously, these two models address the issue of limited data on uncommon events. A
very simple model can be developed based on a maximum likelihood estimator of the frequency of wins in
every possible match of every possible round. That is, the probability that seed i beats seed j in round r
is simply given by nr,i,j/(nr,i,j + nr,j,i). However, this method suffers from the problem of rare events. For
example, Seed 14 has only won twice in the second round beating Seed 6 in both cases. Since Seed 14 has
never beaten Seed 11, this model would result in the following relation: p2,14,6 > p2,14,11 = 0. However, from
a logical standpoint, the probability that Seed 14 beats Seed 11 should be non-zero. Additionally, based on
the seeding system, it should be the case that Seed 14 has a higher chance of beating Seed 11 than Seed
6. The relative lack of games between Seed 11 and Seed 14 has skewed this probability. Of course given a
significantly larger set of data, it’s likely the case that such a simple model would outperform the Position
and Upset models due to the assumptions that they make. However, in absence of this data, the Position
and Upset models allow us to better estimate the probabilities of these rare events.
One may notice that Seed 16 has never beaten Seed 1 in the first round, resulting in a winning probability
of zero. This may be considered a limitation of the previous models as we would consider such an event to
be within the realm of possibility. In fact, since 1985, there have been two cases where a Seed 16 has been
within two points of winning: twice in 1985 when Princeton lost to Georgetown with a score of 49 to 50 and
when East Tennessee State lost to Oklahoma with a score of 71 to 72.
Additionally, as the Position Model makes no distinction between seeds of the same position, we must
consider the possibility that it overestimates the strength of weaker seeds. This is most obvious in cases
with a large disparity in seed number. For example, Seed 15 is given a sixty-four percent chance of winning
in the second round. However, in reality, such an event has only happened a single time in the last 32 years
out of the eight times that Seed 15 has reached Round 2.
3.7 Summary
In this chapter, two novel methods of modeling the NCAA basketball tournament were introduced. The
Position Model used historical data based on the position of the seed in the bracket to assess seeds and provide
probability distributions for every match. The Upset Model similarly used Maximum Likelihood Estimation
based on the historical number of upsets in each match to determine these distributions. Additionally,
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each of these two models were combined with the Geometric Model proposed by Jacobson et al. [1] for an
additional two methods of modeling the tournament.
To assess the accuracy of these models, this chapter describes a process for randomly generating brackets.
For each of the models, ten million brackets are generated according to their probability distributions. This
is roughly in line with the number of brackets submitted to ESPN by various participants. Thus, the scores
of the brackets generated by these models can be benchmarked to assess their strength.
Overall, the various forms of the Position, Upset, and Geometric Models performed very well as compared
to the brackets submitted to ESPN. In many years, the brackets generated were able to either tie or exceed
the score of the best bracket. Although these models are fairly simplistic, they are able to achieve very
good results with limited amount of data (only using seed numbers). Furthermore, they address some of the
problems with directly using a maximum likelihood model based on each match up. That is, they are able
to take into account events that have yet to occur and rare events that may skew the actual probabilities.
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Chapter 4
Additional Numerical Experiments
This chapter presents several additional numerical experiments and analysis relating to the NCAA tour-
nament and the models described in Chapter 3. The goal of this chapter is to provide additional context
on how each model compares to other models, how the proposed models could be improved in the future,
and general analysis of properties of the NCAA tournament. Brackets in this section will be generated with
the same approach used in Chapter 3 will be used here. That is, 10 million brackets will be generated using
only data from previous years.
This chapter is organized in the following way. Section 4.1 starts off by analyzing the importance of the
First Round and performances numerical experiments given that the First Round is predicted correctly. Sec-
tion 4.2 compares the performance of the various mixed models introduced against each other and attempts
to determine if any are better than the others. Section 4.3 provides an alternative way of analyzing results
by calculating the number of rounds predicted perfectly as opposed to scoring the entire bracket. Section
4.4 analyzes the structure of the results from 1985 and investigates the relationships between other years.
Section 4.5 provides an overview of the analysis and experiments conducted in this chapter.
4.1 Importance of First Round
This section will consider the difficulty and importance of correct predictions in the First Round. As
mentioned in previous chapters, an upset is defined as an event in which a weaker seed defeats a stronger
seed. Since 1985, numerous upsets have occurred in the First Round of every year of the tournament.
Predicting both how many upsets and in which games they occur can prove to be extremely challenging.
Table 4.1 presents the number of upsets that have occurred in the First Round in each of the last ten years.
The number of upsets varies significantly, ranging from 5 in 2015 to 13 in 2016. The innate variability in
the First Round can make modeling these matches especially challenging.
Nevertheless, predicting these matches is extremely important in achieving a high scoring bracket under
the ESPN system. This may appear somewhat counterintuitive; the scoring system places less importance
on predicting matches in earlier rounds. However, by correctly predicting the upsets in the First Round,
it’s much easier to predict matches in later rounds. Predicting the unlikely upset can be what separates the
highest scoring brackets from the rest. For example, in 2016, a Seed 10 made it to the Final Four, the first
in the history of the tournament. Correctly predicting this can be extremely difficult but very rewarding
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Table 4.1
Number of upsets in the First Round
Year Num. Upsets Year Num. Upsets
2008 8 2013 10
2009 10 2014 8
2010 10 2015 5
2011 7 2016 13
2012 10 2017 7
under the ESPN scoring system.
Table 4.2
Range of max scores given that the First Round is predicted correctly
Year Score Range Median Score
2013 1740-1900 1820
2014 1720-1860 1800
2015 1820-1900 1860
2016 1860-1920 1880
To understand the impact of correctly predicting the First Round, we generate brackets as in Chapter
3 under the condition that the First Round is populated with the correct picks. These experiments are
conducted with all variations of the Position and Upset Models. Note that this excludes the Geometric
Model as the First Round results are already selected. Table 4.2 presents the results of combinations of the
Position and Upset Models given that the First Round is predicted perfectly.
There are several considerations that must be taken into account when analyzing this data. As the first
232 matches are already fixed, there are significantly less possible brackets (231 = 2 billion). On the other
hand, generating brackets is done independently at random and therefore duplicates are still possible. From
Table 4.2, it is clear that the top score of every year is significantly higher than before. In fact, in 2016, a
perfect bracket was generated using the Upset Model in Rounds 2, 3, 4 and the Position Model in Rounds 5
and 6. Additionally, in both 2013 and 2015, nearly perfect brackets were generated, incorrectly selecting just
one pick in Round 2. These unusually high scoring brackets indicate that if it were possible to successfully
select the First Round, it would significantly easier to predict the remaining bracket.
4.2 Ranking Mixed Models
In Chapter 3, we put forth the concept of using permutations of the Position, Upset, and Geometric
Models for choosing winners in various rounds. At the time, the performance of these 40 different models
with not directly compared against each other. This section puts forth analysis investigating these differences
and determining whether there exists a model that outperforms the others.
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Table 4.3 ranks the forty models in order of maximum score for the years 2005 to 2016, with ties being
averaged. That is, for each year, the models are ranked from 1 to 40 in order of highest maximum score
for that year. If two models are tied for the second highest score, for example, they would receive a rank
of 2.5. Furthermore, each model is denoted with a 5 character notation indicating which model is used in
which round respectively. Since the method of selecting the First Round is identical between the Position
and Upset Models, it is not included. For example, PUPGG would denote a model that uses the Position
Model for Rounds 2 and 4, the Upset Model for Round 3, and the Geometric Model for Rounds 5 and 6.
Through a cursory inspection of Table 4.3, there does not appear to be a model that stands out as the
best. Certain models perform very well in certain years and very poorly in others. For example, the model
denoted UUPPU, has the highest maximum score in 2005 but in just the next year, has the lowest maximum
score of all models. There could be a number of reasons for this discrepancy. For instance, some models
may be more conservative in predicting upsets and, therefore, perform better when strong seeds reach the
Final Round. Additionally, there is the innate variance that occurs when generating models independently
at random. It is very possible that these results could vary from run to run.
To statistically determine if there exists a statistically significant difference between models, a Friedman’s
χ2 test is performed on this data. The Friedman test is a non-parametrical test that can determine if there
is a statistically significant difference between the models across different years. Upon conducting the
test, however, the results indicated that there was no significant difference between the 40 mixed models,
χ2(40) = 34.635, p = .669. This is not to say, however, that the models always performed the same. It’s
very possible that some models are better in certain years on a certain set of results while other models are
better in separate years. This test, however, indicates that there is no one model that performed significantly
better than the other ones across all years. Further analysis must be done to determine if individual models
have certain strengths and weaknesses.
4.3 Perfect Rounds
This chapter breaks down the analysis of the forty different models by examining, for each round, the
number of generated brackets that predict that round perfectly. Similar to the numerical experiments
performed in other sections of this thesis, 10 million brackets are randomly generated using each model. A
bracket is said to perfectly predict a round, if and only if that bracket correctly selects all the winners in
the given round. Note that a bracket can perfectly predict a later round without perfectly predicting the
previous round. For example, even if several picks in Round 1 are predicted incorrectly, it’s still possible
(and in fact far more likely) to predict the winner of the tournament (i.e. Round 6) correctly.
Table 4.4 presents the results of these numerical experiments for the 40 different models in 2014. While
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Table 4.3
Rank of each model according to highest score
Model 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
PPPGG 31.5 1.5 2 1.5 32.5 29 3 24.5 37 38.5 36.5 33.5
PPPPP 31.5 3.5 9 22 32.5 35.5 39.5 39 37 26 21.5 18.5
PPPPU 2 37 27.5 33.5 21.5 29 14 11.5 13 7.5 21.5 12
PPPUP 5 1.5 40 22 3 38 14 3 1.5 7.5 31.5 33.5
PPPUU 18 29 27.5 12 32.5 2 6.5 39 31.5 14.5 36.5 5.5
PPUGG 13.5 6 19.5 22 21.5 7 28.5 18 18.5 29.5 8 5.5
PPUPP 5 15.5 35 22 10.5 21.5 6.5 1 13 1 12 25
PPUPU 9.5 19 35 12 10.5 14 14 31 40 14.5 12 18.5
PPUUP 39.5 9.5 2 33.5 21.5 29 28.5 39 31.5 10.5 21.5 12
PPUUU 26.5 34 19.5 38 21.5 35.5 6.5 36 26.5 19.5 3 39.5
PUPGG 31.5 9.5 9 22 21.5 7 14 18 7.5 40 21.5 33.5
PUPPP 26.5 23.5 27.5 1.5 10.5 1 33 11.5 37 23 31.5 25
PUPPU 13.5 9.5 19.5 33.5 21.5 29 33 24.5 37 29.5 39.5 33.5
PUPUP 36.5 29 19.5 22 32.5 29 36.5 11.5 7.5 33 8 25
PUPUU 5 29 9 22 39 14 9.5 18 13 26 21.5 33.5
PUUGG 9.5 23.5 9 22 10.5 3.5 22 24.5 37 29.5 12 18.5
PUUPP 9.5 39 35 40 21.5 3.5 36.5 36 26.5 33 5.5 1.5
PUUPU 18 34 2 4.5 39 14 36.5 18 31.5 19.5 39.5 25
PUUUP 26.5 9.5 35 12 32.5 29 17.5 36 26.5 14.5 31.5 25
PUUUU 22.5 37 9 38 32.5 14 33 31 5 23 8 33.5
UPPGG 22.5 6 35 4.5 3 14 36.5 6 18.5 36.5 21.5 5.5
UPPPP 13.5 29 27.5 22 21.5 39 17.5 18 18.5 14.5 3 5.5
UPPPU 31.5 37 9 22 10.5 7 28.5 18 13 19.5 31.5 12
UPPUP 36.5 29 27.5 22 3 7 14 18 3.5 2 12 25
UPPUU 22.5 13 27.5 33.5 10.5 21.5 6.5 24.5 13 10.5 36.5 12
UPUGG 39.5 23.5 19.5 8.5 10.5 21.5 9.5 31 34 38.5 21.5 25
UPUPP 5 6 9 8.5 10.5 29 22 31 13 7.5 21.5 25
UPUPU 31.5 29 35 22 10.5 14 22 11.5 26.5 4.5 31.5 39.5
UPUUP 31.5 19 35 4.5 32.5 14 22 11.5 31.5 26 12 33.5
UPUUU 5 23.5 19.5 8.5 10.5 40 22 11.5 22 4.5 36.5 12
UUPGG 13.5 13 35 33.5 21.5 14 11 2 26.5 36.5 3 3
UUPPP 22.5 19 19.5 4.5 39 35.5 1.5 6 18.5 33 21.5 12
UUPPU 1 40 19.5 22 32.5 14 4 24.5 7.5 3 21.5 38
UUPUP 36.5 19 19.5 38 32.5 7 39.5 6 3.5 7.5 5.5 12
UUPUU 18 3.5 9 22 32.5 21.5 22 6 1.5 23 21.5 33.5
UUUGG 36.5 15.5 9 22 21.5 21.5 28.5 6 13 29.5 21.5 12
UUUPP 9.5 34 9 8.5 3 35.5 28.5 31 22 14.5 1 1.5
UUUPU 26.5 19 9 22 21.5 21.5 22 31 26.5 14.5 31.5 18.5
UUUUP 18 29 19.5 33.5 21.5 29 28.5 24.5 22 35 21.5 12
UUUUU 18 13 35 22 3 29 1.5 31 7.5 19.5 21.5 25
the experiments in Chapter 3 generally focused on the scoring of brackets, this table presents an alternative
view of the data. Here, we see that even when generating a large number of brackets, it is extremely difficult
to perfectly predict many rounds of the tournament. Not a single model was able to predict perfectly predict
Round 1, 2, or 3 more than a few times in the ten million trials. This is more than likely due to the sheer
number of possible outcomes. Note that, when using the Geometric Model to predict the results of Round
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Table 4.4
Number of generated brackets with perfect rounds in 2014
Model Round 1 Round 2 Round 3 Round 4 Round 5 Round 6
PPPGG 0 0 1 68 22 1546
PPPPP 0 0 2 79 342 11839
PPPPU 0 0 3 83 322 9095
PPPUP 0 0 2 95 269 10166
PPPUU 0 0 2 76 276 7668
PPUGG 0 0 4 49 22 1569
PPUPP 0 0 2 79 320 13822
PPUPU 0 0 3 97 316 10694
PPUUP 0 0 1 85 211 11802
PPUUU 2 0 1 77 221 8720
PUPGG 0 0 0 32 22 1563
PUPPP 0 0 2 23 110 8341
PUPPU 0 0 0 34 120 5954
PUPUP 0 0 1 32 73 6770
PUPUU 0 0 1 40 104 4872
PUUGG 0 0 0 24 13 1477
PUUPP 1 0 1 21 92 9259
PUUPU 0 0 0 38 107 6702
PUUUP 0 0 2 31 78 7838
PUUUU 0 0 1 30 61 5557
UPPGG 0 0 1 52 20 1561
UPPPP 0 0 2 76 337 11097
UPPPU 0 0 1 65 304 8553
UPPUP 0 0 4 62 215 9508
UPPUU 0 0 6 77 210 7017
UPUGG 1 0 0 46 16 1589
UPUPP 1 0 2 75 265 12859
UPUPU 0 0 3 74 306 9747
UPUUP 0 0 1 75 187 11105
UPUUU 0 0 1 88 213 8109
UUPGG 0 0 0 27 24 1620
UUPPP 0 0 0 30 104 7281
UUPPU 1 0 0 30 105 5101
UUPUP 1 0 0 20 73 6095
UUPUU 0 1 0 30 74 4414
UUUGG 0 0 0 23 11 1559
UUUPP 1 0 0 24 109 8406
UUUPU 0 0 1 35 98 6082
UUUUP 0 0 1 37 79 6868
UUUUU 0 0 0 23 56 4871
5 and Round 6, the models used in previous rounds do not affect these results. Thus, all the models using
the Geometric Model should generate a similar number of perfect predictions in Round 5 and 6.
While this data exists for all modern years, several years stand out when assessing differences between
models. For example, the 2014 tournament is a good representation of results that are more difficult to
predict. From Table 4.4, we see that the models that use the Geometric Model to predict the last two
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rounds perform significantly worse than the models. This table lists the number of brackets that predict
the given round perfectly under 10 million trials. For example, using Model PPPGG to generate 10 million
brackets saw only 1546 brackets where the winner was correctly predicted.
Table 4.7 shows this discrepancy more clearly. Using variations of the Position and Upset Model generates
an average of 154 brackets that perfectly predict Round 5 and 8225 brackets that perfectly predict Round
6. On the other hand, models that use the Geometric Model in Round 5 and Round 6, only generate an
average of 21 brackets that perfectly predict Round 5 and 1562 brackets that perfectly predict Round 6. It’s
clear that using variations of the Position and Upset Model consistently generates far more correct picks in
the last two rounds.
Table 4.5
Average number of generated brackets with perfect rounds in 2014
Model R5 PR Range R5 PR Median R6 PR Range R6 PR Median
Geometric 11 – 24 21 1477 – 1620 1562
Position/Upset 56 – 342 154 4414 – 13822 8225
Naturally, when tying this back to ESPN scores, predicting the winner of the tournament is a significant
component of the final score. It is almost impossible to achieve a top scoring bracket without predicting
the Final Round correctly. Therefore, careful consideration must be taken into account when solely using
models that utilize the Geometric Model. This model comes at a significant disadvantage when generating
brackets for a tournament where the winners are especially unlikely. This supports our theory based on
Table 3.8 that the Geometric Model performs poorly in relation to difficult to predict years.
In contrast to the 2014 tournament, the 2016 had a far more predictable Final Round between a Seed 2,
Villanova, and a Seed 1 North Carolina. Table 4.6 shows the results of ten million generated brackets for 2016
under various models. Here, we can see the clear differences between using the Geometric versus the Position
or Upset Model in predicting the results of the last two rounds. Table 4.7 highlights these differences. The
Geometric Model predicts the winner correctly in far more cases, picking the winner correctly an average of
62001 times against the 43211 average of the Position and Upset Model. From this section, we can conclude
that the Geometric Model prefers stronger seeds by a large margin as compared to the Position and Upset
Model. Thus, while one model may not be strictly better than other methods, it may be advantageous to
randomly select between models when generating brackets.
4.4 Comparing the structure of past tournaments
In this section, using the same concept of position that was proposed by the Position Model, the structure
of every past year is compared against each other. As mentioned previously, regions change from year to
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Table 4.6
Number of brackets with perfect rounds under 10 million runs (2016)
Model Round 1 Round 2 Round 3 Round 4 Round 5 Round 6
PPPGG 0 4 259 258 24652 61858
PPPPP 0 0 265 251 14159 35116
PPPPU 0 2 271 226 14135 36144
PPPUP 0 1 260 250 16224 35675
PPPUU 0 1 268 278 15903 34692
PPUGG 0 0 258 373 24543 61726
PPUPP 0 1 246 420 16127 43378
PPUPU 0 0 233 426 16037 44724
PPUUP 0 0 281 416 18288 44054
PPUUU 0 1 256 386 18398 43847
PUPGG 0 2 248 196 24486 61875
PUPPP 0 1 259 207 15784 39667
PUPPU 0 1 231 213 16054 40465
PUPUP 0 0 213 226 17959 40336
PUPUU 0 0 262 215 17869 39580
PUUGG 0 4 245 287 24707 62378
PUUPP 0 0 232 354 17848 49320
PUUPU 0 1 251 376 18098 51177
PUUUP 0 2 221 345 20643 50238
PUUUU 0 0 260 370 20597 49661
UPPGG 0 1 224 261 24894 62471
UPPPP 0 0 232 295 15211 37520
UPPPU 0 5 250 244 15132 37862
UPPUP 0 2 211 264 17021 37776
UPPUU 0 2 213 241 17104 36961
UPUGG 0 2 232 336 24644 61970
UPUPP 0 0 229 392 17335 46306
UPUPU 0 2 241 413 17218 47268
UPUUP 0 2 231 448 19498 46787
UPUUU 0 0 255 433 19748 46151
UUPGG 0 2 185 191 24650 62032
UUPPP 0 3 201 213 17055 42584
UUPPU 0 4 208 242 16719 43044
UUPUP 0 4 225 221 18881 42827
UUPUU 0 0 194 218 18943 41647
UUUGG 0 1 174 302 24704 62096
UUUPP 0 1 186 372 19295 52697
UUUPU 0 0 176 368 19217 53748
UUUUP 0 0 205 353 22074 53510
UUUUU 0 0 161 373 21894 52391
year making it difficult to compare results directly. Fortunately, the NCAA provides a list of brackets and
results in their published 2018 Men’s Final Four Record Book [15]. Using the position of the winners for any
given year, we score how this bracket would perform against every other year. Table 4.8 shows the results
of these comparisons. Due to space constraints, only years from 2007 to 2016 are shown here.
Initially, we hypothesized that there may be some pattern of results in that the results of one year may
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Table 4.7
Average number of generated brackets with perfect rounds in 2016
Model R5 PR Range R5 PR Median R6 PR Range R6 PR Median
Geometric 24486 – 24894 24651 61726 – 62471 62001
Position/Upset 14135 – 22074 17592 34692 – 53748 43211
score highly against other years. Unfortunately, that does not appear to be the case, with the scores being
relatively low across the board. Although years performed relatively well in a few years, they performed very
poorly in others. For example, the results of 2009 scored relatively highly against the results of 1995, 1996,
and 2009, but achieved a score of 1000 or less in all other years. In fact, the scores are generally lower than
the score of a bracket generated simply by picking the stronger seed to win in every single match. Though
this experiment was not able to yield the results we hoped for, it does show that the results across years are
fairly dissimilar with no obvious pattern.
4.5 Summary
In this chapter, additional experiments and analysis was performed to gain insight into the models
proposed in Chapter 3 and into the tournament in general. In Section 4.1 we found that by correctly fixing
First Round results, the models introduced in Chapter 3 performed significantly better. In many cases these
were able to achieve perfect or near perfect brackets despite the still relatively large number of possible
brackets. This suggests that correctly predicting matches in the First Round is extremely important and
also very challenging.
In Section 4.2, statistical analysis is performed to determine if any model performs consistently better
than the other models. However, our tests showed that there was not a single model that could be chosen as
the best with statistical significance. While some models performed very well in some years, the very same
models would perform very poorly in other years.
In Section 4.3, we continue to investigate these models by analyzing the brackets generated. We found
that the Geometric Model favors stronger seeds much more than the Position and Upset Model. This could
explain some of the discrepancy in performance between years.
In Section 4.4, we investigate how the results of certain years compare against the results of other years.
By scoring the results bracket of one year against all others, we hypothesized that certain years may be very
similar to others. However, we discovered that there was not significant similarity between results.
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Table 4.8
Number of brackets with perfect rounds under 10 million runs (2016)
Year 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
1985 940 870 630 530 780 770 470 1030 940 720
1986 730 760 540 520 410 420 360 480 610 350
1987 720 1250 730 430 460 810 490 530 780 780
1988 980 730 710 810 420 430 370 410 740 620
1989 750 680 620 660 1170 660 620 640 430 670
1990 420 1050 610 430 500 330 450 390 560 540
1991 780 710 530 530 520 610 570 550 600 560
1992 610 800 560 540 530 600 380 440 530 730
1993 830 1200 680 420 410 880 500 700 890 770
1994 560 1150 930 350 480 690 510 430 740 640
1995 930 540 1360 1100 530 500 600 440 1150 490
1996 900 670 1190 1210 500 610 450 530 1040 540
1997 640 870 590 490 460 490 650 510 780 560
1998 600 550 750 350 760 790 490 510 620 700
1999 950 720 1260 1000 310 660 780 480 1190 730
2000 420 930 470 450 520 310 390 490 680 400
2001 560 950 890 490 380 510 430 450 480 500
2002 760 810 630 710 440 530 410 510 560 500
2003 790 760 620 540 390 500 460 360 590 550
2004 710 580 500 380 510 740 360 560 590 510
2005 870 800 480 340 430 940 620 640 550 650
2006 580 570 570 570 720 430 530 370 460 500
2007 – 830 850 830 460 1270 970 710 980 980
2008 830 – 720 540 350 620 540 520 870 710
2009 850 720 – 1020 550 580 560 520 1150 570
2010 830 540 1020 – 510 460 380 460 950 610
2011 460 350 550 510 – 390 350 770 360 400
2012 1270 620 580 460 390 – 900 880 590 930
2013 970 540 560 380 350 900 – 400 590 610
2014 710 520 520 460 770 880 400 – 510 630
2015 980 870 1150 950 360 590 590 510 – 600
2016 980 710 570 610 400 930 610 630 600 –
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Chapter 5
Analyzing Independence
In this chapter, analysis is put forth to determine whether various aspects of the tournament are inde-
pendent. As the models proposed in Chapter 3 rely on the assumption that matches in the same round
are independent, it is important to determine if such assumptions are appropriate. A new model, the Bino-
mial Model, will be introduced to select winning seeds in the First Round under the assumption that these
matches are not independent. Statistical analysis will be used to determine the performance of this model
and to determine if the assumption of independence is valid.
Section 5.1 describes the Binomial Model and presents statistical comparisons against the method used
by the Position and Upset Models. Section 5.2 analyzes whether there exists dependencies between the
same matches in different regions. Section 5.3 extends previous analysis by determining if relationships exist
between matches played by different seeds. Section 5.4 summarizes the analysis put forth in this chapter.
5.1 Binomial Model
By assuming that the results of matches in the First Round are not independent, we define a new method
for selecting winning seeds in Round 1. Referred to as the Binomial Model, winning seeds are selected at
random using the following process. Recall that each seed number from 1 to 16 is assigned to four different
teams in four different regions. To simplify notation, this is simply referred to as Seed i playing four matches
in the First Round of each tournament.
Considering only the First Round, let di be the observed distribution of the number of wins for Seed
i across all previous tournaments. More precisely, di(n) is defined as the number of past tournaments in
which Seed i won exactly n out of the 4 matches. For example, Table 5.1 shows this distribution for Seed 4
for all tournaments between 1985 and 2017. Here, we see that Seed 4 has won in exactly 3 regions in a total
of 20 past tournaments. Also note that the probability Seed i wins is equal to the probability that Seed
17− i loses (and vice versa).
From this, we define a probability distribution pi as pi(n) =
di(n)∑
j di(j)
for Seed i. When generating
brackets, randomly sample pi for all seeds i = 1, .., 8 to determine the number of times Seed i wins in the
First Round. That is, if n is the result of randomly sampling according to pi, then Seed i is chosen as the
winner of n regions and Seed 17 − i is chosen as the winner of the remaining 4 − n regions. The regions
selected in this process are chosen uniformly at random.
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Table 5.1
Distribution of number of wins for Seed 4 across all tournaments
Number of Wins Observed Occurrences
0 0
1 0
2 3
3 20
4 10
To compare this method of generating First Round picks to the one introduced in Chapter 3, it is not
strictly necessary to generate brackets. In place of generating brackets, we can instead measure performance
by calculating the cumulative distribution function for the number of correct picks in the First Round of
each year. This reduces the inevitable variability caused by random sampling which can make it harder to
determine the better model. Recall that the Position and Upset Models are defined in the same way for
Round 1. To find the cumulative distribution function for the Position and Upset Models, it is necessary to
compute the distribution of the sum of non-identically distributed Bernoulli random variables. Hong proposes
and provides an implementation of a methods of quickly calculating this Poisson binomial distribution [16].
To calculate the cumulative distribution function for binomial models, the probability distribution, pi is
calculated for each seed from 1 to 8. Then, the cumulative distribution can be calculated using these
probability distributions through a brute force approach.
Table 5.2
Cumulative expected number of correct picks for the Position Model in the First Round
Minimum Number of Correct Picks
Year 32 30 28 26 24 22 20 18 .. 0
2013 0 60 4870 103564 836739 3156080 6562444 8989810 .. 10000000
2014 2 786 31618 386450 1977592 5158398 8195435 9625489 .. 10000000
2015 3 1060 41844 482708 2295889 5590444 8455683 9697400 .. 10000000
2016 0 25 2282 56290 534842 2365979 5644325 8499071 .. 10000000
2017 28 5154 125430 993014 3521654 6905695 9126685 9864155 .. 10000000
Table 5.3
Cumulative expected number of correct picks for the Binomial Model in the First Round
Minimum Number of Correct Picks
Year 32 30 28 26 24 22 20 18 .. 0
2013 0 53 4463 97051 798774 3079506 6526138 9014910 .. 10000000
2014 2 554 24020 321552 1789958 4975725 8171158 9659936 .. 10000000
2015 1 529 28569 391838 2056922 5310494 8314377 9676782 .. 10000000
2016 0 20 2174 56660 537612 2350769 5591593 8461555 .. 10000000
2017 18 3645 96814 839872 3248734 6768373 9154270 9894004 .. 10000000
Table 5.2 and 5.3 show the results of these calculations across various years. To make viewing the tables
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simpler, the data is presented as the cumulative expected number of correct picks in the First Round for
10 million generated brackets (i.e. the cdf multiplied by 10 million). From these tables, it can be seen that
the Binomial Model performs worse than the Position Model in almost every scenario. The Position Model
outperforms or ties the Binomial Model in perfectly predicting the First Round in every year from 2013 to
2017. For example, in 2017 the Position Model is expected to generate 28 brackets with perfect First Round
picks while the Binomial Model is only expected to generate 18. In fact, in the years 2013, 2014, 2015,
and 2017, the Position Model beats the Binomial Model for all minimum count of correct picks from 32 to
20. In 2016, the Binomial does generate slightly more brackets with at least 26 correct picks. However, the
difference is relatively marginal at less than 1% more.
As mentioned earlier, in contrast to the Position Model, the Binomial Model does not assume that
matches are independent. However, analysis showed that removing the assumption of independence resulted
in a model that performed noticeably worse than the Position Model. Of course, if the observed distributions
di were perfect binomial distributions, there would be no difference between the two models. However, the
relatively limited amount of data may introduce noise, causing this distribution to not appear binomial
when, in fact, the underlying events may actually be. This could very likely be the reason that the Binomial
Model performs worse than the Position Model.
5.2 Independence Between Separate Regions
The Binomial Model introduced in the previous section suggests that there may be independence for
the same match across the four different regions. As the defined regions change from year to year, it is
not possible to simply create a contingency table for all possibilities. However, the expected frequency of
wins under the assumption of independence can be definitively calculated. That is, a binomial distribution
is found for each Seed 1 to 8 for the expected number of wins in the First Round. For the distribution of
Seed i, there is an event for each region (n = 4) and the probability of success is equal to the probability
that Seed i wins under the Position or Upset Models. This distribution is multiplied by the total number of
tournaments since 1985 to determine the expected frequencies. Tables 5.4 – 5.10 present the observed and
expected data for Seeds 2 to 8. As Seed 1 has always beaten Seed 8, the table has not been included.
In many cases, the expected distribution matches the observed distribution closely. For example, from
Table 5.4, the observed and expected number of occurrences never differ by more than 1. That is, in 26 of
the past 33 tournaments, Seed 2 has won in all four regions. If the matches were independent, this would
be expected to occur 25.70 times. Similarly, Seed 2 has won in exactly 3 regions a total of 6 times with 6.63
expected number of occurrences. For tables where the observed distributions match the actual distributions
relatively closely, consider in addition to Table 5.4, Seed 6 and Seed 2 with corresponding Tables 5.8 and
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Table 5.4
Expected and actual distribution of number of wins for Seed 2 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 0 0.00
1 0 0.03
2 1 0.64
3 6 6.63
4 26 25.70
Table 5.5
Expected and actual distribution of number of wins for Seed 3 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 0 0.02
1 0 0.45
2 3 3.54
3 15 12.49
4 15 16.50
5.5.
Table 5.6
Expected and actual distribution of number of wins for Seed 4 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 0 0.05
1 0 0.81
2 3 4.95
3 20 13.46
4 10 13.72
On the other hand, there were a few Seeds where the observed distributions differed from the expected
distributions by a fairly noticeable amount. Table 5.6, saw significantly more tournaments where Seed 4
has won exactly 3 times than expected under a binomial distribution. If the matches were independent,
we would expect approximately 13.46 occurrences of exactly 3 wins but, in fact, this event was observed
20 times. Similarly, from Table 5.10, Seed 8 lost all their First Round matches in 4 of the past 33 years,
occurring over twice as much as the expected 1.94 times. These fairly significant differences between the
observed and expected distributions indicate that more precise statistical analysis is needed.
To formally determine if independence exists between matches across regions, a chi-square test for good-
ness of fit is performed against the binomial distribution. This test is conducted on every seed to determine
if they meet this threshold. For example, for Seed 4, the seed that appeared to differ the greatest from the
expect distribution, the null hypothesis is stated as the number of wins follows a binomial distribution. A
chi-square goodness of fit showed that there was no significant difference between the observed distribution
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Table 5.7
Expected and actual distribution of number of wins for Seed 5 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 0 0.53
1 4 3.84
2 10 10.41
3 15 12.55
4 4 5.67
Table 5.8
Expected and actual distribution of number of wins for Seed 6 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 1 0.63
1 4 4.25
2 10 10.79
3 13 12.18
4 5 5.16
of wins and the binomial distribution, χ2(1) = 5.81 with p = 0.12. While somewhat unlikely, the observed
distribution does not meet the standard threshold of 0.05 to reject the null hypothesis. Table 5.11 presents
the results of applying this test to all seeds. In all cases, there was not sufficient evidence to reject the null
hypothesis.
5.3 Independence Between Matches of the First Round
While Section 5.2 deals with independence between matches involving the same seed across regions, it
is also necessary to consider whether there is independence between matches involving different seeds. The
Position and Upset Model introduced in 3 implicitly assume independence between matches of the First
Round as winners are picked independently at random. Thus, using a similar approach, this section will put
forth statistical analysis to show that this assumption is valid.
Table 5.9
Expected and actual distribution of number of wins for Seed 7 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 1 0.74
1 3 4.67
2 12 11.13
3 14 11.78
4 3 4.68
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Table 5.10
Expected and actual distribution of number of wins for Seed 8 across all tournaments
Number of Wins Observed Occurrences Expected Occurrences
0 4 1.94
1 7 8.00
2 9 12.37
3 10 8.50
4 3 2.19
Table 5.11
Chi-square goodness of fit results for independence of matches between regions
Seed χ2 p
2 0.29 0.96
3 1.19 0.75
4 5.81 0.12
5 1.53 0.68
6 0.35 0.95
7 1.78 0.62
8 3.79 0.28
5.3.1 Pairwise Independence
To determine if two matches are pairwise independent, a contingency table is constructed detailing the
possible outcomes. For example, from Table 3.1 consider Match 2 (Seeds 2, 15) and Match 4 (Seeds 4, 13) of
Round 1. For each match, there are two possible outcomes. In Match 2, either Seed 2 wins or Seed 15 wins.
In Match 4, either Seed 4 wins or Seed 13 wins. To create this contingency table, we count the number of
times each of the following has occurred: Seed 2 wins and Seed 4 wins, Seed 2 and Seed 13 wins, Seed 15 and
Seed 4 wins, and finally, Seed 15 and Seed 13 wins. Note that the event in which Seed 15 wins is equivalent
to the event in which Seed 2 loses and, to simplify, we will denote this event as the lower seed winning or
losing. For the purpose of this contingency table, these pairs are determined per region per year. Given
this contingency table, a chi-square test of independence is conducted to determine if these events satisfy
the threshold for dependence. Of course, to exhaustively test for pairwise independence, it is necessary to
analyze all combinations of variables. That is, for the eight possible matches in the first round, there are a
total of
(
8
2
)
= 28 possible cases to consider. The contingency tables for these 28 pairs are presented in Table
5.12.
From a quick glance at the table, there does not appear to be any pair of matches that significantly differs
from the expected distribution. For example, consider the pair of matches involving Seed 3 and Seed 4. As
both are strong seeds, there have been 88 cases where both seeds have won in the same regional tournament.
Since Seed 3 is stronger, there are 18 cases where Seed 3 has lost and Seed 4 has won and 23 cases where
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Table 5.12
Pairwise Contingency Table for First Round Matches
Seed 2 Seed 3 Seed 4 Seed 5 Seed 6 Seed 7 Seed 8
W L W L W L W L W L W L W L
Seed 1
W 124 8 111 21 106 26 85 47 83 49 81 51 67 65
L 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Seed 2
W / / 103 21 101 23 81 43 79 45 78 46 65 59
L / / 8 0 5 3 4 4 4 4 3 5 2 6
Seed 3
W / / / / 88 23 68 43 67 44 69 42 59 52
L / / / / 18 3 17 4 16 5 12 9 8 13
Seed 4
W / / / / / / 70 36 69 37 67 39 58 48
L / / / / / / 15 11 14 12 14 12 9 17
Seed 5
W / / / / / / / / 54 31 57 28 42 43
L / / / / / / / / 29 18 24 23 25 22
Seed 6
W / / / / / / / / / / 50 33 38 45
L / / / / / / / / / / 31 18 29 20
Seed 7
W / / / / / / / / / / / / 45 36
L / / / / / / / / / / / / 22 29
Seed 3 has won and Seed 4 has lost. In the case of Seed 3 and Seed 4, a chi-square test of independence was
performed and no relationship was found between Match 3 and Match 4 of Round 1, χ2(1) = 0.14, p = .17.
However, to formally determine whether independence exists between any pair of matches, a chi-square test
of independence is needed on every pair of Seeds. Table 5.13 presents the results of conducting a chi-square
test of independence for all pairs of matches. Note that, since Seed 1 has won every game, it is not possible
to perform this analysis on pairs involving Seed 1. From examining the possible pairs, it can be concluded
that there is no significant relationship between any pair of matches. The most unlikely distributions were
between Seed 5 with Seed 7 and Seed 4 with Seed 8. In these cases the p value was .11, and not sufficient
to show that there is correlation between seeds.
5.3.2 k-wise Independence
This analysis can be extended to groups of three or more to determine if matches are k-wise independent.
As in the case with two matches, a chi-square test of independence is performed to determine if there is
any relationship between any group of three matches. Typically, a cutoff of p = .05 is used to determine
statistical significance. However, due to the number of tests performed in this section (a total of 70), a lower
cutoff should be used to avoid false positives. In this case, a p value of .01 will be used as the threshold for
statistical significance.
To show that matches are 3 way independent, a similar approach is used as in the case of pairwise
independence. In this case, a 2 x 2 x 2 contingency table is constructed for all
(
8
3
)
= 56 possible groups
of three. Then, a chi-square test of independence is performed to determine if a relationship between the
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Table 5.13
χ2 and p values for all pairs of matches
Matches χ2 p
2 3 0.59 0.44
2 4 0.72 0.40
2 5 0.25 0.62
2 6 0.16 0.69
2 7 1.11 0.29
2 8 1.3 0.25
3 4 0.14 0.70
3 5 2.19 0.14
3 6 1.28 0.26
3 7 0.04 0.85
3 8 1.06 0.30
4 5 0.32 0.57
4 6 0.7 0.40
4 7 0.43 0.51
4 8 2.62 0.11
5 6 0.0 0.98
5 7 2.63 0.11
5 8 0.05 0.81
6 7 0.03 0.87
6 8 1.71 0.19
7 8 1.47 0.23
matches exists.
As an example, consider the matches involving Seeds 2, 5, and 8. A chi-square test of independence was
performed and no relationship was found between Seeds 2, 5, and 8, χ2(4) = 3.51, p = 0.48. Table 5.14
presents the results of performing a chi-square test of independence on all possible groups of three among
matches in the first round. Again, groups including Seed 1 are omitted as a chi-square test of independence
could not be performed. Of the possible groups of three, the contingency table involving Seeds 3, 6, and
8 was the most unlikely with p = 0.07. However, it fails to meet the threshold for significance of p = .01.
Therefore, like in the case with pairs of matches, it can be concluded that there is no significant relationship
between all possible groups of three matches.
The same process can be repeated to groups of four matches. Table 5.15 shows the results of performing
chi-square tests of independence on all possible groups of four. Again, these tests show there is no significant
correlation between groups of four. The most unlikely interaction involves Seeds 3, 5, 6, and 8 with a p value
of .03. However, this too fails to meet the threshold of p = .01 and we can conclude that matches are 4-wise
independent as well. With nearly 100 contingency tests being performed, this high threshold is needed to
ensure that a high χ2 value is not a matter of chance.
Although these tests of independence could continue to be conducted for larger groups, the exponentially
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Table 5.14
χ2 and p values for all groups of three matches
Matches χ2 p
2 3 4 3.94 0.41
2 3 5 5.37 0.25
2 3 6 4.11 0.39
2 3 7 4.38 0.36
2 3 8 6.43 0.17
2 4 5 4.43 0.35
2 4 6 4.2 0.38
2 4 7 4.95 0.29
2 4 8 9.85 0.04
2 5 6 1.45 0.84
2 5 7 6.65 0.16
2 5 8 3.51 0.48
2 6 7 4.32 0.36
2 6 8 5.61 0.23
2 7 8 6.81 0.15
3 4 5 4.26 0.37
3 4 6 4.84 0.30
3 4 7 2.05 0.73
3 4 8 5.6 0.23
3 5 6 5.28 0.26
3 5 7 6.58 0.16
3 5 8 7.73 0.10
3 6 7 6.77 0.15
3 6 8 8.83 0.07
3 7 8 3.73 0.44
4 5 6 2.65 0.62
4 5 7 5.74 0.22
4 5 8 4.27 0.37
4 6 7 2.61 0.63
4 6 8 6.82 0.15
4 7 8 7.44 0.11
5 6 7 4.92 0.30
5 6 8 4.77 0.31
5 7 8 6.27 0.18
6 7 8 4.31 0.37
increasing size of the contingency tables makes the amount of data insufficient and results not very interesting.
From the results of the pairwise, 3-wise, and 4-wise tests of independence, there does not appear to be a
relationship between matches. This supports the method of bracket generation used by the Position and
Upset Models which samples each match independently at random.
5.4 Summary
In this chapter, we investigated possible relationships between matches across regions and among their
own region.
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Table 5.15
χ2 and p values for all groups of four matches
Matches χ2 p
2 3 4 5 10.31 0.50
2 3 4 6 9.98 0.53
2 3 4 7 8.56 0.66
2 3 4 8 15.77 0.15
2 3 5 6 8.30 0.69
2 3 5 7 12.5 0.33
2 3 5 8 13.7 0.25
2 3 6 7 13.12 0.29
2 3 6 8 15.66 0.15
2 3 7 8 11.92 0.37
2 4 5 6 17.66 0.09
2 4 5 7 13.89 0.24
2 4 5 8 15.43 0.16
2 4 6 7 9.86 0.54
2 4 6 8 15.25 0.17
2 4 7 8 18.79 0.07
2 5 6 7 11.60 0.39
2 5 6 8 9.80 0.55
2 5 7 8 12.83 0.30
2 6 7 8 12.34 0.34
3 4 5 6 9.88 0.54
3 4 5 7 10.81 0.46
3 4 5 8 13.16 0.28
3 4 6 7 12.60 0.32
3 4 6 8 15.52 0.16
3 4 7 8 10.48 0.49
3 5 6 7 15.05 0.18
3 5 6 8 21.19 0.03
3 5 7 8 14.20 0.22
3 6 7 8 16.10 0.14
4 5 6 7 14.71 0.20
4 5 6 8 13.09 0.29
4 5 7 8 14.06 0.23
4 6 7 8 11.82 0.38
5 6 7 8 12.55 0.32
Section 5.1 proposes a new method of modeling the First Round, different than the one proposed by both
the Position and Upset Models. By picking the number of winning seeds across all regions for each match,
the binomial model follows the observed distribution of number of winning seeds from past tournaments.
However, further analysis determined that the Binomial Model performed worse than the standard method
used by the Position and Upset Model. This suggested that the differences in distribution were the result of
random noise, that was incorrectly fitted by the Binomial Model.
To support this theory that there is no relationship between matches across regions, Section 5.2 performs
statistical analysis on these events. If matches in different regions were independent, it should be the case
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that the last 33 years of tournaments approximately follows a binomial distribution. By conducting a chi-
square goodness of fit test on each seed, we determined that there was insufficient evidence of a relationship
between matches.
Section 5.3 continues this analysis on matches between different seeds. By using chi-squared tests of
independence on all pairs of matches, the statistical tests showed that there was no significant evidence
indicating that matches were correlated. This approach was extended to determine if k-wise independence
existed between groups of k matches. Due to limited data and exponentially increasing sizes of tables, these
tests were only conducted for 3-wise and 4-wise independence. In both cases, there were no significant
indications that matches were correlated.
The analysis proposed in this section supports the hypothesis that matches in the same round are
independent of each other.
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Chapter 6
Conclusion
In this thesis, several methods of modeling the NCAA Men’s Division I Basketball Tournament were
proposed. Though the models introduced are mathematically fairly simple, the numerical experiments
conducted show that they achieve solid results against human participants. The Position Model uses a
maximum likelihood estimation based on the position of the seed in the bracket. The Upset Model also
uses a maximum likelihood estimator, but instead based on the probability that a weaker seed upsets their
opponent. These models are combined with the Geometric Model, which models winners using a geometric
random variable, for an alternate way of selecting winning seeds. In addition, to increase complexity, these
models are mixed, selecting either the Position or Upset Models for Rounds 2, 3, 4 and either the Position,
Upset, or Geometric Models for Rounds 5 and 6. To measure the performance of these models, brackets
are generated independently at random according to the same probability distributions. These brackets are
scored based on the popular ESPN scoring system and top scores are compared to top scoring participants
in the ESPN Bracket Challenge. Results showed that, despite limited information consisting only of seed
numbers, these models were able to perform very competitively, even outperforming top brackets submitted
to ESPN.
Later chapters analyze these models to provide additional context into how these models perform in
certain situations and how they compare to each other. Though statistical analysis showed that there was
not a single model that definitively outperformed others in all cases, it’s clear that certain models perform
better in certain situations. We saw that the Geometric Model performed poorly when the winner of the
tournament was a weaker seed but likely outperformed the other models when the winner was a strong seed.
This thesis also puts forth analysis supporting the hypothesis that matches are independent of each other.
The concept of a Binomial Model is introduced for selecting winners in the First Round which assumes that
matches are not independent across regions. We analyze the strengths of such a model and conclude that
a model that assumes independence would outperform this Binomial Model. Using statistical analysis, we
support this conclusion by demonstrating that there is no evidence of a dependent relationship between
matches of different regions. We extend this analysis to matches between different seeds as the proposed
models also assume independence between those matches. Using chi-squared tests of independence, we
conclude that there is no significant relationship between pairwise, 3-wise, and 4-wise groups of matches.
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There is still a significant amount of work that can be done to further this work. The findings of
independence between matches could be extended to rounds past the first. If resources were available, a
significantly larger number of brackets could be generated to establish confidence intervals for the maximum
of 10 million generated brackets.
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